Summary Policy decisions about the allocation of current and future resources should be based on the most accurate predictions possible. A functional data analysis (FDA) approach improves the understanding of current trends and future incidence of injuries. FDA provides more valid and reliable long-term predictions than commonly used methods. Introduction Accurate information about predicted future injury rates is needed to inform public health investment decisions. It is critical that such predictions derived from the best available statistical models to minimise possible error in future injury incidence rates. Methods FDA approach was developed to improve longterm predictions but is yet to be widely applied to injury epidemiology or other epidemiological research. Using the specific example of modelling age-specific annual incidence of fall-related severe head injuries of older people during 1970-2004 and predicting rates up to 2024 in Finland, this paper explains the principles behind FDA and demonstrates their superiority in terms of prediction accuracy over the more commonly reported ordinary least squares (OLS) approach. Results Application of the FDA approach shows that the incidence of fall-related severe head injuries would increase by 2.3-2.6-fold by 2024 compared to 2004. The FDA predictions had 55% less prediction error than traditional OLS predictions when compared to actual data.
Introduction
Injuries resulting from falls in older people are a major public health concern in terms of morbidity and mortality, and the associated cost of health and social services for older people has increased with concurrent rises in life expectancy [1] [2] [3] [4] [5] [6] [7] . It is expected that there will be a significant increase in the size of the older population in most countries over the next 20 years, with a coincident increase in the number of falls [2, 4, 8] , and this will escalate the size of the burden that injurious falls will place on both individuals and their communities [9] .
Although fall-related injuries are a recognised major public health concern, until recently relatively little has been known about trends in falls injury rates [9] [10] [11] . Recent increased interest in modelling falls injury rates [2] [3] [4] [12] [13] [14] and projections [1, 8, 10, [15] [16] [17] [18] has largely been driven by the need for good data to inform government policy and planning in relation to fundamental changes in welfare policy needed in response to the projected population demographic shifts [5, 19] . Importantly, such models and predictions will only be useful in the long term if they are accurate, based on good quality data and generated through application of appropriate statistical methods.
Much injury epidemiology is largely descriptive in nature, and it has only been recently that sophisticated statistical modelling approaches have been applied and developed to handle complex injury data [20, 21] . To date, most falls injury incidence trend predictions have been based on the ordinary least squares (OLS) methods [8, 11, 17, 18] . Poisson and negative binomial regressions have recently become more commonly used to model and predict injury incidence [3, 4, 22] . Common problems associated with these regression model prediction approaches arise because there are strong parametric assumptions underlying the statistical models, most notably that the trend in incidence rates and the resources used to treat these injuries will remain unchanged into the forecast period [23, 24] . Another approach has been to use Poisson regression modelling age, period and cohort effects [25, 26] . However, there is ongoing debate of applying age-period-cohort models with the high sensitivity of the projections to the most recent changes in cohort effects [23, [27] [28] [29] .
The introduction of stochastic methods for predicting rates in other health areas has been shown to have significant advantages for better understanding trends, risk factor relationships and the effectiveness of preventive measures [23, [30] [31] [32] . A major advantage of stochastic methods is that they can measure prediction uncertainty through the estimation of prediction intervals of future injury incidence. An important milestone has been the methodology proposed by [31, 33] for the modelling and extrapolating of long-term trends in mortality rates used to predict US mortality rates to 2065. More recently, functional data analysis (FDA) approach has started to receive attention, particularly in demographic and medical applications [23, 30, 34, 35] . To our knowledge, FDA has not been widely applied to epidemiological studies for the prediction of incidence rates, including studies relating to injury incidence associated with falls in older people.
Using the specific example of fall-related head injuries in older people, this paper shows how to apply FDA to describe time trends of age-specific incidence rates and their future projections. The modelled incidence rates are discrete observations for specified ages and calendar year and predictions are made into the future. The essence of FDA is to express these discrete values in the form of a function, and then to draw statistical information from the resultant collection of functional data by applying multivariate data analysis approaches. This approach improves the likely accuracy of these predictions, compared to current methods in the literature such as the more common OLS method. In applying FDA, there are a number of key statistical issues that need to be addressed, and this paper provides guidance and examples for: useful graphical tools for effective data representation; making no parametric assumptions about the function or the observed data; ensuring the functions are smooth to enable modelling of the data's dynamic behaviour; handling complexity and interdependencies between variables; and deriving prediction intervals to assess the likely accuracy of projections.
In the specific application area of modelling fall-related head injury, this study: (a) models age-related changes in fall-related head injury incidence time trends using FDA; (b) predicts future age-related changes in these incidence rates using a recently developed prediction method [30] ; and (c) estimates the accuracy of predictions for future fallrelated head injuries.
Methods

Description of data
Both fatal and non-fatal head injuries can be a serious consequence of falls in older people. A recent study in Finland showed that the secular trend in the incidence of these injuries in people aged 80+ years is rising [16] . That study also compared actual, observed fall-related head injury incidence rates to previous predictions of those rates by the same authors [8] . The earlier study adopted the common OLS method for projecting long-term trends from 1970 to 1995. The presence of published predictions [8] and data on actual observations published years later [16] prompted this comparison of two predictive approaches (OLS and FDA) for estimating future incidence trends in fall-related head injuries in Finland.
The actual data underpinning the published analysis [16] was obtained directly from the first author of that study (Pekka Kannus, UKK Institute for Health Promotion Research, Tampere, Finland). The data originated from the Finnish National Hospital Discharge Register and cases were identified through relevant International Classification of Diseases primary and secondary diagnoses and E-code causes of injury. A severe fall-related head injury was defined as a head injury as a consequence of a fall from standing height of ≤1 m and that resulted in hospitalisation. Data obtained was the annual number and incidence of fallrelated severe head injuries during the period 1970-2004 in people aged 80-84, 85-89 and 90+ years. All incidence rates were age-adjusted by direct standardisation using the mean population of persons aged 80+ years between 1970 and 2004 as the standard population. The age-specific injury incidence was calculated in 5-year age groups and was expressed as the number of cases per 100,000 persons per year. A more detailed description of the data has been published elsewhere by [8, 16] .
Functional data analysis Let y t (x) denote the observed fall-related head injury incidence for age x in year t. Then we assume the following models y t ðxÞ ¼ f t ðxÞ þ s t ðxÞ" t ðxÞ ð 1Þ
where f t (x) is an underlying head injury incidence smooth function of x observed with error, ε t (x) are independently and identically distributed standard normal random variable and σ t (x) allows the variance to change with age and year according to the nature of the data. The second equation describes the dynamics of f t (x) evolving through time. In this equation, μ(x) is the mean of smooth incidence curves f t (x) across years and e t (x) is the model error. The age component f k (x) is a set of orthogonal basis functions or principal components which modifies the main time trend according to whether change at a particular age is faster or slower than the main trend (and in the same or opposite direction). The model assumes that f k (x) is invariant over time. The time component, β t,k , are time series coefficients which capture the overall time trend in f t (x) at all ages. The model makes no assumptions about the functional form of the trend in β t,k .
Smoothing Within each age group, the annual fall-related severe head injury incidence rates were considered as a function of age, centred around the mid-point of the age group. The age-specific injury incidence rates for each year were plotted and the incidence rates defined as ageincidence curves. The age-specific injury incidence rates for each year were smoothed using penalised regression splines [30] to estimate the age-incidence curves. Since the incidence in the Finnish data increased rapidly with age, the incidence curves were assumed to increase monotonically with age. To capture the trends in incidence, constrained penalised regression splines [36, 37] with a monotonic constraint applied to represent the smooth curves were used according to the method of Hyndman and Ullah [30] . The gam() function in R from the mgcv package was used with the penalised regression splines to represent the curves. The use of penalised regression splines has a number of advantages in that: (a) the smoothness conditions can easily be adopted to the nature of the incidence data analysed, thereby reducing the noise in the incidence curves; and (b) the underlying process generating the age-incidence curves is then continuous and smooth. This continuity property is particularly relevant because it leads to functional data that can be analysed with FDA [38] [39] [40] .
Functional principal components The smoothed curves (or functional observations) were then modelled by FDA to estimate the functions representing the age-incidence relationship, (i.e. the basis functions), according to the method of Hyndman and Ullah [30] . As all parameters on the right-hand side of Eq. 2 are unobservable, fitting the model using the OLS method is impossible. To overcome the situation, functional principal components (FPC) decomposition was applied to the smoothed incidence curves f t (x) to estimate the basis functions f k (x) which minimise the mean integrated squared error (MISE)
where e t ðxÞ ¼ f t ðxÞ Àf t ðxÞ denote the fitted error from Eq. 2. The basis functions show the shape of the variability of the incidence curves. The extracted functions can be easily interpreted because the basis functions are defined in the same domain as the original incidence curves. The predictions of each incidence curve are sensitive to the number of basis functions. A higher number of basis functions does not necessarily give better forecasts or improve the prediction accuracy [34] . Although there are many ways for selecting the basis functions, the method used [30] minimises the MISE.
Prediction framework
The FPC method described in the previous section also estimated the time series coefficients of the model. The values of the coefficients form a time series, with one value representing each year of data, and standard time series methods can be used to model and predict these time series coefficients. Although a model incorporating a random walk with drift is almost exclusively used for predicting rates in other health areas [31, 41] , an exponential smoothing state space model was found to be statistically adequate for the current dataset and was therefore used.
Suppose we have injury incidence data up to year t=n, and we wish to estimate future incidence rates to year n þ h; y t ðxÞ for t ¼ n þ 1; :::::; n þ h and all x. Letb n;k;h denote the h-step ahead prediction of β n+h,k . Letŷ n;h ðxÞ denote the h-step ahead prediction of y n+h (x) and letf n;h ðxÞ denote the h-step ahead prediction of f n+h (x). Then y n;h ðxÞ ¼f n;h ðxÞ ¼mðxÞ þ 
The averages of multi-step-ahead predictions and the corresponding standard deviation of the prediction errors were used to construct the prediction intervals [42, 43] .
where z a is the standard normal quantile.
Prediction accuracy The accuracy of the injury incidence prediction is evaluated by computing the integrated squared prediction error (ISPE)
where e n;h ðxÞ ¼ y nþh ðxÞ Àŷ n;h ðxÞ denote the prediction error. In designing the accuracy measures for the future age-incidence rates, an out-of-sample test was performed [44] . An out-of-sample evaluation of prediction accuracy begins with the division of the time series set into a fit period and a test period. The fit period is used to identify and estimate an appropriate model, based on a set of the observed data for that period, and does not involve any predictions. The test period also uses observed data but this is compared to predictions arising from the model generated for the fit period and so measures the model's prediction accuracy. Based on the fitting period 1970-1994, the FDA predictions of injury incidence rates for 1995-2004 were directly compared with the published actual rates for 1995-2004 through averaging of the ISPE [30] . All statistical analyses were performed in R version 2.10.0 [45] , operating on a Windows XP professional platform. Figure 1 shows the trends in age-specific incidence rates for head injuries in Finland over the period 1970-2004. All incidence rates increased with age and time. As described by Kannus and colleagues [16] , over the 35-year period, the relative increases in severe fall-related head injury incidence rates were 160% for 80-84-year-olds, 134% for 84-89-year-olds and 132% for the 90+-year-olds. There was a large increase in incidence rates over the last decade in all age groups, though this was most marked in the 90+-year age group. The characteristics of these agegroup-specific incidence rates clearly indicate the appropriateness of the FDA approach for making predictions based on it. Firstly, there is a high degree of variability of incidence rates at older ages, and secondly the general increase in incidence rates over time is not uniform across all age groups.
Results
Descriptive
Functional data analysis
The 5-year age-group incidence rates were converted into functional data by estimating a smooth curve through the observations, taking the centre of each age group as the point of interpolation. Examination of the comparatively stable data shown in Fig. 2 suggests that the incidence rates vary fairly smoothly and regularly within each year.
The average incidence curve is shown in Fig. 3a . As expected, the average incidence rates sharply increase with age. In fitting the model, the model diagnostics suggested that the first three basis functions (or age-incidence relationships) were sufficient to describe the injury incidence curves. These three functions explained 97.5%, 2.0% and 0.5% of the total variation, respectively, and can therefore be taken as being jointly adequate for describing the incidence data. Because the second and third basis functions collectively explained only 2.5% of the total variation, they are less important than the first one. The first basis function (Fig. 3b) indicates that the increase in incidence has been faster in 90+-year-olds. The first coefficient (Fig. 3c) indicates a fairly steady increase in fall-related severe head injuries over time.
Prediction 20 years Figure 4 shows the predicted age-specific fall-related severe head injury incidence rates for 2005-2024 with 95% prediction intervals, together with the observed rates for 1970-2004. The predicted incidence rates are estimated to increase sharply over time, as was previously noted by [16] . The predicted incidence rates for 2024 are: 1,108 injuries per 100,000 persons [95% confidence interval (95% CI)= 686, 1,792] for 80-84-year-olds; 1,573 injuries per 100,000 persons (95% CI=1,059, 2,337) for 85-89-year-olds; and 1,916 injuries per 100,000 persons (95% CI=1,251, 2,936) for 90+-year-olds; representing 2.3-2.6-fold increases over the 2004 rates for all age groups.
Comparison of the FDA versus OLS predictions
Data on the trends in the Finnish injury incidence rates for 1970-1994 (fit period) were used to predict the incidence for 1995-2004 (test period). The FDA predictions were compared with the published predictions based on the OLS method [16] for the test period. The actual rates for the fit period from [16] are also shown in Fig. 5 . The shaded area corresponds to the 95% prediction intervals for the FDA predictions. In every age group, the FDA out-of-sample prediction performed better than the OLS predictions in that it was closer to the actual values at every point. The OLS predictions were contained within the FDA prediction intervals for the earliest years in the test period but then deviated from, and were significantly lower than, the FDA predictions for longer test periods. A further advantage of the FDA approach was that it had approximately 55% less prediction error than the OLS method.
Discussion and conclusion
Functional data analysis provides a relatively novel modelling and prediction approach to estimating incidence trends. However, to date their application to epidemiological data has been limited and, to our knowledge, nonexistent in the injury literature. This paper, therefore, represents the first application of FDA to a significant injury epidemiology problem, from any context. With ageing populations worldwide and the expected increasing burden of fall-related morbidity and mortality in older people, it is becoming more important to understand the trends in all types of serious fall-related injury incidence trends over time. Moreover, policy makers need information about predicted future injury rates to inform their decision making about public health and economic investments to reduce the burden of these injuries well into the future [19] . It is critical that such predictions are robust and based on the best available statistical modelling approaches so as to minimise possible error in the forecasts. This is also true for other areas of public health and injury prevention. 1970 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996 1998 The FDA approach is a natural extension of methods developed for mortality and fertility prediction that have evolved over the last two decades [30, 31, 33] . The methodology has since become widely used in demographic applications and there have been various extensions and modifications proposed [33, 35, [46] [47] [48] . Somewhat surprisingly, the use of FDA in epidemiological applications has been limited to date.
The FDA is effective for exploring complex multivariate functional relationships and it has the major strength of being able to model the functional form of age-related changes in incidence rates over time and to make predictions for specific age groups [30] . In the injury context, this facilitates understanding of the different patterns of injury rate progression in different age groups. By applying it to the Finnish data, we have shown that it can provide more precise estimates of trends in fall-related severe head injuries among older people than is possible with the more common OLS method projections. Our analysis agrees with the earlier findings of [16] that the falls injury rates are expected to rise over time. However, our FDA estimates are likely to be more accurate than the published OLS predictions, especially the further ahead of time the predictions are made.
A second major strength of the FDA approach is the improved modelling of inconsistent increases in incidence rates over time, particularly the high degree of variability of incidence rates at older ages. The OLS approach with autocorrelated errors previously used with this data [8, 16] was unable to capture the unstable trend and high variability of injury incidence rates at older ages. While it is important to understand the reason for such inconsistencies, it is equally important that statistical models and the predictions they generate are able to factor them into their estimation processes. Because FDA has not been previously applied to injury data, it is possible that failure to account for this could have lead to incorrect or non-optimal epidemiological inferences about future injury outcomes. The FDA approach of initially smoothing the data and then using these smoothed observations for the modelling and prediction estimation is a major methodological improvement over methods that simply fit linear/non-linear trends to observed incidence data, such as OLS methods. Finally, FDA approach provides prediction intervals for future incidence projections. All previous injury prediction studies have only presented point estimates [1, 8, 10, 15, 16, 49] . Although the calculation of prediction intervals is possible using OLS methods, they are likely to be inaccurate outside the range of injury incidence because it is unlikely that the linear relationship assumption would hold for future incidence [50] . The methods presented in this paper could easily be incorporated into other public health and injury incidence applications, including the modelling of known risk factors and economic evaluations. As the shape of the incidence curves varies with risk factors over time, the FDA approach enables the models and predictions to pick up subtle variations for these factors [23] , such as the identified age effects.
In the context of application of FDA to the incidence of fall-related severe head injuries in Finns aged 80+ years, this study provides an improved understanding of current trends (particularly in terms of the age relationships) and more accurate estimates of future incidence rates. Moreover, this paper clearly demonstrates the greater predictive accuracy of FDA over OLS approach, the former having 55% less prediction error for the same data, and the generation of prediction intervals that give information about the likely accuracy of the predictions.
In summary, this paper describes FDA and its important application to epidemiology. In doing so, it establishes FDA as a preferred modelling approach for incidence trends and predictions, with the potential for many significant applications across a range of epidemiological issues.
